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Abstract Nowadays, tremendous growth of Internet of 
Things (IoT) applications is seen in smart environments 
such as medical remote care applications which are crucial 
due to the general aging of the population. With the recent 
advancements in IoT-based healthcare technologies, activ- 
ity recognition can be used as the key part of the intelligent 
healthcare systems to monitor elderly people to live inde- 
pendently at homes and promote a better care. Recently, the 
evidence theory and its derivates approaches began to take 
place in the fields of activity recognition in these smart sys- 
tems. However, these approaches are generally inconsistent 
with the probability calculus due to the lower and upper 
probability bounds considering the combined evidences. To 
overcome these challenges and to get more precisely the rec- 
oncilement between the evidence theory with the frequentist 
approach of probability calculus, this work proposes a new 
methodology for combining beliefs, addressing some of 
the disadvantages exhibited by the evidence theory and its 
derivatives. This methodology merges the non-normalized 
conjunctive and the majority rules. The proposed rule is 
evaluated in numerical simulation case studies involving 
the activity recognition in a smart home environment. The 
results show that this strategy produces intuitive results in 
favor of the more committed hypothesis. 
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1 Introduction 


The rapid increase in the number of elderly people brings 
major issues to elderly health care including a rise in care 
cost, high demand in long-term care, decrease caregiver bur- 
den, and insufficient and ineffective care. With the recent 
advancements in Internet of Things (IoT)-based healthcare 
technologies, accelerometer, pressure, ECG, smartphone, 
and assisted living technologies, activity recognition can be 
used as the key part of the intelligent pervasive systems to 
monitor elderly people for sustaining independent living at 
homes and promote a better care [1, 17]. These intelligent 
IoT-based healthcare systems are becoming more prevalent 
in every-day life by enabling the systems to adapt accord- 
ing to the elderly health and positioning context-awareness 
information. However, the contextual information cannot 
be identifying precisely because of the limitations and the 
imperfection nature of sensing technologies due to the wear- 
able sensors’ inaccuracy. This imperfection of contextual 
information will be translated to high-level contexts result- 
ing in building inaccurate activity recognition. A good con- 
textual information modeling formalism reduces the imper- 
fection of contextual information and enhances the accuracy 
of activity recognition. So, one of the main challenges in 
IoT-based healthcare applications is managing these forms 
of uncertainty due to sensor’s measurements which are 
prone to uncertainty. An extensive literature review in wear- 
able sensor-based activity recognition and its applications in 
health care have been carried out over the past few decades. 
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These applications are conducted on context representa- 
tion and reasoning in order to infer activity from accurate 
as well as inaccurate context in IoT-based healthcare solu- 
tions [40]. Among the existing inference approaches, the 
evidence theory [45] is a major constituent and commonly 
used to handle uncertainty and incompleteness of context in 
pervasive computing environments [12, 15, 19, 28, 39, 43, 
67]. This theory offers a good alternative to some activity 
recognition methods where domain knowledge is applied 
[29] instead of training data that are not easily available in 
ubiquitous environments. However, most of the approaches 
based on the evidence theory produce incompatible results 
compared to the frequentist approach of probability cal- 
culus. The main aim of this paper is to develop a novel 
method for multi-sensor-based activity recognition of activ- 
ity of daily living (ADL) of elderly people for an intelligent 
assisted living system in order to reach the reconcilement 
of the evidence theory with the frequentist appoach of prob- 
ability calculus. Our approach is based on the merging of 
two combination rules. This mixture allows to favor the evi- 
dence with a big consensus because it is accordant to the 
objective of uncertainty reasoning over evidence accumu- 
lation. The proposed combination alternative rule for activ- 
ity recognition of elderly healthcare applications, called 
Majority-Consensus combination Rule (MCR), is evaluated 
and compared on Shafer’s model with the evidence the- 
ory and its most famous derivates. The results show that 
the present rule produces the intuitive results in favor of 
the more committed activity and gives generally a high 
consistency with the frequentist approach of probability 
calculus. 

The outline for this paper is organized as follows: Section 2 
presents the approaches used to carry out the research and 
the inference systems of the multi-sensor activity recogni- 
tion for elderly healthcare systems. Section 3 introduces the 
background of evidence theory and decision making in this 
theory. Section 4 describes the mathematical foundations of 
a new combination rule for uncertainty management strat- 
egy. The proposed context-aware system architecture of the 
multi-sensor activity recognition and the simulated results 
are reported and discussed in Section 5. Finally, Section 6 
concludes the paper with future directions. 


2 Review of sensor-based activity recognition 
approaches 


In the past decade, a variety of sensors have been used 
to allow the elderly patients with diseases to achieve con- 
tinuous monitoring of their health condition [1, 2, 6, 31]. 
Current research in activity recognition from wearable sen- 
sors covers a wide range of topics, with research groups 
focusing on topics such as the recognition of ADLs in 
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the context of health care and elderly care which repre- 
sent an important class of applications [35]. A major goal 
of current research in activity recognition in general is to 
enable healthcare applications for the elderly population to 
live more independent lives and reduce the burden of care- 
givers. For this way, IoT-based healthcare technologies and 
the fusion approaches help to increase the quality and effi- 
ciency of care of elderly people and thus activity recognition 
accuracy may be improved [22]. Villalba et al. [55] have 
designed a system for vital elderly body signs which indi- 
cate imminent health threats in order to complement the 
traditional emergency in potentially dangerous situations. Si 
et al. [46] aim to support persons suffering from demen- 
tia through the use of context-aware reminders and similar 
assistance. Wu et al. [61] have developed a smart approach 
that classifies cane usage and walking patterns, and informs 
the elderly in case of high risk of falling. Barnachon et al. 
[5] present a novel framework for recognizing streamed 
actions using motion capture data. The proposed framework 
aims at achieving early recognition of ongoing activities. 
Bravata et al. [51] proposed a system which is able to infer 
elders’ health by monitoring the level of physical activity 
performed. Based on assistive technologies for elders and 
caregivers Ambient Assisted Living (AAL) systems, other 
authors are focused on improving care processes by provid- 
ing electronic health records [21], remote medical attention 
and suggestions [14], and intelligent vital signs monitors 
[30]. Monitoring and assessing the performance of daily 
activities is relevant for the continuous assessment of elders’ 
health and independence [34]. The work proposed in [20] 
used the temperature sensor as part of their activity recog- 
nition systems, e.g., the difference of temperature of 15 min 
is used to determine the use of a shower. The proposed 
approach can provide a detailed activity detection; however, 
it suffers limitations in terms of feasibility. The approach 
proposed in [11] allows to identify any changes in activi- 
ties such as changes walking speed and sleep rhythm. Some 
researchers have also introduced to older adults fall detec- 
tion area using wearable device based, ambience sensor 
based, and camera based [32]. Based on body acceleration 
sensors to measure the patients’? movements, the authors 
[3] provide a rhythmic auditory signal that stimulates the 
patient to resume walking. Hossain [16] introduced the con- 
cept of virtual caregivers to assist the caregiver in making 
some basic decisions for health-related applications to mon- 
itor elderly people to live more independent daily lives. 
The proposed system uses context information to promote 
more active and thus healthy lifestyle, or to actively support 
elderly or disabled people in performing everyday activities. 
Analyzing more heterogeneous sensor sources, the system 
make elders’ health inferences. Chernbumroong et al. [8] 
proposed a novel multi-sensor-based activity recognition 
system. The approach uses multiple low-cost, non-intrusive, 
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non-visual wearable sensors on the wrist. The sensor fusion 
is performed at two levels (feature and classifier level). 
Other works are focused on a predictive schedule system 
that blends caregiver using sensor measurements instead of 
trying to substitute the caregiver with an automatic caring 
system [52]. To infer situations and activities in the con- 
text of elderly health care, the preceding applications use 
Bayesian networks [12, 39, 64], dynamic Bayesian net- 
work (DBN) [38], conditional random field (CRF) [19, 54], 
and hidden Markov models [9, 19, 36, 59]. These meth- 
ods are usually based on training data to recognize activities 
inferred from lower-level sensor information. Van Kasteren 
et al. [19] use hidden Markov models to infer high-level 
activities of a person’s in the home. In the proposed model, 
activity patterns over time are learned from training data. In 
[13], the authors propose the use of hidden Markov models 
to classify six different activities. Bayesian networks were 
used to determine the activities from lower-level sensor 
data. Wang et al. [58] investigate the problem of recogniz- 
ing multi-user activities using wearable sensors in a home 
setting. The authors develop a multi-modal, wearable sensor 
platform to collect sensor data for multiple users using two 
temporal probabilistic models, the coupled hidden Markov 
model (CHMM) and the factorial conditional random field 
(FCRF). In [25], the authors use the hierarchical conditional 
random fields to derive high-level activities and to identify 
places from GPS data. Recently, the evidence theory began 
to take place in the fields of activity recognition in smart 
environments and ubiquitous computing [15, 28, 60, 67]. 
Wu [60] uses the DS theory to fuse the sensor evidence in 
his sensor fusion model. Wu uses a static weighting on sen- 
sor mass functions to indicate evidence reliability. To model 
the activity structure, a situation directed acyclic graphs 
(DAGs) is proposed in [28] and two types of evidential net- 
works: activities-activity and sensors-contexts-activity are 
proposed in [15, 43]. 


3 The evidence theory and its derivates 


The evidence theory [45] has attractive properties which 
provide significantly richer information in the fusion field. 
Based on Shafer’s model, the frame of discernment is a set 
of mutually exclusive and exhaustive hypotheses about the 
problem domains. From a frame of discernment © corre- 
spondingly, 2°is the power set of ©, then a basic belief 
assignment (bba) or proper mass is defined as a mapping 
m(-): 

m (J) =Oand Ý m(X)=1 (1) 

Xe29 


The Dempster’s combination rule is the normalized con- 
junctive operation which aims to aggregate evidence from 


multiple independent sources defined within the same frame 
of discernment. Based on Shafer’s model of the frame ©, 
Dempster’s rule is defined by the following equations for 
two sources: 

mi7(X) 


mps(X) = T= m Ø 


(2) 
mi2(X) = 5 mı(Xı)m2 (X2) (3) 
X1,X7€29 
X1NX2=X 
XO mm) (4) 


X1,X2€2° 
X{NX=—0 


mî (Ø) = 


where mi (X ) and m5» (Ø) represent the conventional con- 
junctive consensus operator and conflict of the combination 
between the two sources, respectively. 

From a given bba m, the decision functions are defined 
as follows: 

- The belief function Bel(X) measures the belief that 
hypothesis X is true and it is given by : 


Bel(X) = > m(Y) (5) 
YCX 


- The plausibility function Pl(X) can be interpreted as a 
measure of the total belief that hypothesis X can be true and 
it is given by the following formula: 


PI(X) = 5 m(Y) (6) 
XNY ZAG 
- The pignistic probability transformation [48, 50] is gen- 
erally considered as a good criteria for a decision rule. It is 
defined for all X € 2°, with X 4 Ø; by: 





_ IXNY| m(Y) 
BetP(X) = )> a en (7) 
Ye29 
YAO 


However, some researchers argue that this combina- 
tion rule has an abnormal behavior when the conflict 
between sources becomes high [41, 42, 47, 56, 66]. So, 
several attempts have been proposed to avoid this abnor- 
mal behavior. These attempts to modify Dempster’s rule can 
be divided into two main categories : corrective-evidence 
approaches [7, 18, 23, 24, 33, 62, 65] and the conflict 
redistribution approaches [10, 26, 47, 50, 63]. The first 
approaches consist of corrective strategies of the initial basic 
belief assignments while using thereafter Dempsters rule 
for combining these corrective evidences. The idea behind 
the second approaches is to transfer conflicting masses 
proportionally to empty or non-empty sets according to 
some combination results. However, the problem with these 
approaches can be relieved to some extent by replacing the 
evidences with inappropriately small-weights evidence val- 
ues. Moreover, all these approaches are inconsistent with 
the probability calculus where the information combination 
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results are sometimes counterintuitive and very far com- 
pared to those obtained by the probability calculus. This 
abnormal behavior and the inconsistency of these derivate 
rules will be illustrated through some examples studied in 
the following sections. 

Table 1 reports the combination results and comparison 
of existing combination rules using some well-known exam- 
ples discussed in the literatures where Dempster’s rule and 
some alternative combination rules give counter-intuitive 
results. The underline combination results in the table show 
that the results are judged to be counter-intuitive. As it 
can be seen from Table 1, when the conflicting mass is 
computed, the Dempster’s rule for combining evidences 
produces counter-intuitive results that do not reflect the 
actual distribution of beliefs in some cases. This later does 
not reflect the actual distribution of beliefs in some cases 
such as loss of majority opinion, total certainty to minority 


Table 1 Comparative results for well-known 
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opinion, and unearned certainty. However, using original 
evidence sources and the results of the conjunctive con- 
sensus, PCR6 rule redistributes an evidential conflict in 
proportion to the focal set elements, which is a compromise 
strategy and gives more intuitive results. 

For the disappearing ignorance, Pearl criticized the dis- 
appearing ignorance [37] caused by the operation of inter- 
section in Dempster’s rule, and Murphy proposed a combi- 
nation which does not have the effect [33]. For the certainty 
convergence case, Yager, Smets, and Dubois rules fail to 
converge toward the focal element supported by both pieces 
of evidence. The problem of total certainty to minority opin- 
ion caused by the operation of intersection in the Dempster 
rule [66] is solved in many alternatives. 

The operation of intersection in the Dempster rule causes 
also the exclusion of elements which are not contained in 
focal elements of one or more bodies of evidence. Known 

















Rules 

Cases Dempster Murphy 

Disappearing ignorance 
my ({a}) = 0.5 m{a}=0.5 m{a}=0.3571 
my ({b}) = 0.5 m{b}=0.5 m{b}=0.3571 
m2({a, b}) = 1 m{a,b}=0.2857 

Certainty convergence 
my ({a}) = 0.5 m{a}=0.6667 m{a}=0.6667 
my ({b}) = 0.5 m{b}=0.3333 m{b}=0.25 
m({a}) = 0.5 m{a,b}=0.0833 
m2({a, b}) = 0.5 

Total certainty to minority opinion 
my({a}) = 0.9 m{b}=1 m{a}=0.488 
my ({b}) = 0.1 m{b}=0.024 
m2({b}) = 0.1 m{c}=0.488 
m2({c}) = 0.9 

Loss of majority opinion 
my({a}) = 0.9 m{c}=1 m{a}=0.7336 
mı({a, c}) = 0.1 m{b}=0.1657 
m2({a, b}) = 0.8 m{c}=0.0477 
m({a, c}) = 0.2 m{a,b}=0.0503 
m3({b}) = 0.5 m{a,c}=0.0027 
m3({c}) = 0.5 

Unearned certainty 
m,({a}) = 0.5 m{a}=1/3 m{a}=0.3 
my ({b, c}) = 0.5 m{b}=1/3 m{b}=0.2 
m2({c}) = 0.5 m{c}=1/3 m{c}=0.3 
m2({a, b} = 0.5 m{a,b}=0.1 

m{b,c}=0.1 














PCR6 Yager Smets Dubois 

m{a}=0.5 m{a}=0.5 m{a}=0.5 m{a,b,c}=1 

m{b}=0.5 m{b}=0.5 m{b}=0.5 

m{a}=0.625 m{a}=0.5 m{a}=0.5 m{a}=0.25 

m{b}=0.375 m{b}=0.25 m{b}=0.25 m{a,b,c}=0.75 
m{a,b}=0.25 m{ Ø }=0.25 

m{a}=0.486 m{b}=0.01 m{a}=0.01 m{b}=0.01 

m{b}=0.028 m{a,b,c}=0.99 m{ Ø }=0.99 m{a,b}=0.09 

m{c}=0.486 m{a,c}=0.81 

m{b,c}=0.09 

m{a}=0.3958 m{c}=0.01 m{a}=0.98 m{a,b}=0.36 

m{b}=0.1305 m{a,b,c}=0.99 mf{a,c}=0.02 m{c}=0.01 

m{c}=0.1342 mf{a,b,c}=0.54 

m{a,b}=0.307 

m{a,c}=0.032 

m{a}=0.375 m{a}=0.25 m{a}=0.25 m{a,b}=0.25 

m{b}=0.25 m{b}=0.25 m{b}=0.25 mf{a,c}=0.25 

m{c}=0.375 m{c}=0.25 m{c}=0.25 m{b,c}=0.25 
m{a,b,c}=0.25 m{ %}=0.25 mf{a,b,c}=0.25 
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as the loss of majority opinion, this case is solved by a few 
alternative combination rules [27, 33, 63]. 

The problem of unearned certainty known as unwar- 
ranted mass is also caused by the operation of intersection 
in the rule. It is solved by most of the alternatives. 


4 Proposed uncertainty management strategy 


The evidential reasoning is an important technique of 
uncertainty context modeling in multi-sensor-based activity 
recognition in elderly healthcare applications. The present 
section introduces our combination merging rule technique 
to manage the uncertainty for activity recognition in health 
care applications. The starting point of our combination rule 
investigations is to describe the strategy for combining the 
belief functions. Thereafter, we introduce a new notion to 
verify the consistency of the combination rule of evidence 
with the probability calculus. In this work, we made a strong 
assumption that security is guaranteed by using an appro- 
priate mechanism such as the use of a cryptographic system 
ensuring an end-to-end security. 


4.1 The proposed rule principle 


The evidence theory and its derivates have given birth to 
a large family of rules to combine multiple evidences. To 
overcome the drawbacks of the previously presented rules, 
we propose an alternative combination rule which mixes 
the non-normalized conjunctive rule, given by Smets [49] 
(the conventional conjunctive consensus operator in the evi- 
dence theory) and the simple fusion rule based on the 
majority rule. The idea behind our combination rule is that 
it redistributes the global conflict into already implicated 
focal element sets entering in the majority and the consen- 
sus results. This rule allows to bring about a reconciliation 
between the belief functions theory and the probability 
calculus. 

The formulation of our rule is based on the normaliza- 
tion of the sum of masses fused with the result of masses 
obtained by the majority rule and those obtained by the con- 
junctive consensus operator. So, our rule transfers the total 
conflicting mass and total masses to non-empty sets pro- 
portionally to their resulting masses obtained by these two 
operators. 

The proposed combination rule for multiple sources (s > 
2) is formulated as follows: 

(WX £9) € 2° 


M},2... ,s|MCR(X) = mMaj(X) + mconj(X)) (8) 


Eee 


where mMaj(X) and mconj(X) denote the majority and the 
non-normalized conjunctive rules of the focal element X, 
respectively. 

The non-normalized conjunctive rule, given by Smets 
[49] is defined as follows: 


D [Ir (Xj) (9) 


X1, X2 ,XjE€2® i=1 
X1NX2N-X j=X 


MConj (Xx) = 


The majority rule is defined by: 


mMaj(X) = ) > mj(X) (10) 


i=1 


A general measure of the global conflict in evidence is 
defined by the following formula: 


k= > ile (X;) (11) 


X1,X-- Xj E29 i=l 
Xj NXQN--X j=ø 


where Xj € 2° denotes a response of the information 
source i, and m;(X ;) denotes the associated belief function. 

This formulation of the combined mass yields the next 
result. 


Theorem 1 The mass m,,9....,s;mcR(-) is a proper mass. 


Proof A proper mass means that a mass ™ ,2.... s|mcr(-) 

must satisfy all requirement given by Eq. 1. When X is an 

empty set, the value of m(X) is equal to 0. By definition, the 

mass 71,9....,s|MCR(X) = ETE (mmaj(X) + meonj(X)). 
Hence, 


> M1,2,.--,s|MCR(X) 


Xe29 


1 
E [spree em 


Xe29 
+MConj (X)) | 


= —— | © mm 


s+1l—k ae 


+ >, MConj (X) 


Xe29 


By definition of the majority and conjunctive rules, it is easy 
to see that: 


> MMaj(X) =s 


Xe29 
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and 


J mconj(X) = 1k. 
Xe2° 


stl-k _ 
Then, we get ET% = 


proper mass. 








1. Therefore, 1,2... sjMcR(-) is a 














As an example, consider a simple monitoring for an 
emergency detection system. For illustration, we treat a 
scenario (see Fig. 1) of health monitoring example for an 
elderly people activities of daily living. In order to shift 
the care to a personalized level, we consider two kinds of 
Internet of Things sensors: those that use external wearable 
sensors that are attached to different parts of the elderly 
body and those that use embedded inertial sensors of the 
smartphone where it is not mandatory to mount or fix posi- 
tion of the sensor. Our scenario consider four activities: 
exercising, watching TV, sleeping, and fall detection which 
is another important area of emergency detection, and can 
be especially useful for the elderly. Figure 1 visualizes a 
scenario in which an elderly patient’s health profile and 
vitals are captured using portable medical devices (wire- 
less accelerometer and heart monitor rate) attached to his 
or her body and smartphone for communication. Captured 
data from these medical devices are then communicated to 
the smartphone and thereafter, stored data become useful 
for activity recognition, aggregation, and inference. Based 
on aggregation and evidential inference, doctors or care- 
givers can monitor an elderly patient from any location and 
respond accordingly in risk situation such as elderly fall 
detection. 

Supposing that a dataset contains data from these sen- 
sors: wireless acceleration sensor, smartphone, and wireless 


Fig. 1 Scenario illustration for 
elderly medical care 
RFID 


sensor 





SmartPhone 
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heart rate monitor. Assume that the resulting training 
data induces the following masses bba’s for activity 
recognition. 


m,(Falling)=0.8 mı ({Falling, Watching TV}) =0.2 
m2(Falling)=0.1 m2(Sleeping) =0.9 
m3(Falling) =0.25 m3({Exercising, Watching TV}) =0.75 


According to these masses, the classes’ distribution for 
each activity are : the accelerometer indicates that the 
elderly people is falled down with 80% and the remain- 
ing 20% are imprecise recognition rate for two activities 
{falling} or {WatchingT V}. The smartphone indicates 
that the elderly people sleeping with 90% while 10% 
reflects that he/she is falling. However, the heart rate mon- 
itor indicates that imprecise recognition of 75% of the 
elderly people exercises on an abdominal bench or watching 
TV and 25% for elderly fall detection. 

We assume that each sensor provides its activity selection 
independently. The non-normalized conjunctive consensus 
of the basic belief assignments yields the following results 
for this example: 


MConj (Falling) = 0.025 mconj({Falling, Watching TY} = 0 


MConj(Sleeping) = 0 —mconj({Exercising, Watching TV}) = 0 


The global conflicting mass kı23 is 0.975 and the masses 
fused with the majority rule are: 


MMaj (Falling) = 1.15 
mymaj (Sleeping) = 0.9 


MMaj ({Falling, Watching TV} =0.2 
™mmaj ({Exercising, Watching TV}) =0.75 


Alarm 


AN Hospital 


information ¢ of 
elderly activity 


es Ms n 






seer: 
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IN 
Heart rate sensor 
monitor 
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By applying Eq. 8, the final combined masses are: 





™123|MCR (Falling) = 0.388 m123|McR ({Falling, Watching TV}) = 0.066 
™123|MCR (Sleeping) = 0.298 m123;mcr ({Exercising, Watching TV}) = 0.248 





Using the maximum of the plausibility or the pignis- 
tic probability to provide a decision from the remaining 
combined masses, we select the falling situation that occur 
(Pl(Falling) = 0.455 and Bet P(Falling) = 0.421) asa 
plausible activity that the elderly people is doing. Thus, the 
smartphone send an alert signal alarm to the hospital and 
notified and provided an available caregiver with inventory 
information of elderly activity. In this case, it is necessary 
to provide an alert signal for available caregiver and ambu- 
lance driver within seconds of a risky situation to prevent 
a compromise to an elder’s health. This result involves a 
continuous supervision which is due to the fact that most 
of basic belief assignments are in favor to this situation in 
respect with the sensors data collection. As a result, our rule 
provides a good evidence combination for data fusion in the 
way that it preserves the majority and the consensus of each 
sensor. 

The present rule is commutative since the conjunctive 
and the sum operators have this property. However, it is 
not associative as the most evidence theory derivates but 
can become quasi-associative if we save the result of the 
conjunctive and majority rules at each step before the 
normalization process. Unfortunately, our rule does not pre- 
serve the vacuous belief assignment when some sources 
become totally ignorant. The disappearing ignorance pro- 
priety is an advantage in combination process because only 
the evidences without ignorance are combined. However, 
some authors [33, 37, 56, 57] have criticized this propri- 
ety caused by the conjunctive operation and specified that 
the counterintuitive results of Dempster’s rule are caused by 
this ignorance. Hence, in our approach, we cannot suppress 
or neglect the weaker belief committed to the area’s activ- 
ity of elderly people which can be supported by the vacuous 
belief assignment because we presume that the disappearing 
ignorance is not justified in all situations. 


4.2 Combination rule reconcilement consistency 


The notion of the combination consistency represents the 
interval of reconcilement (approximation) of the combina- 
tion of evidence result computed by the frequentist approach 
of probability calculus and the evidence theory and its 
derivates. 


According to belief and plausibility functions and the fre- 
quentist approach of probability calculus, the real lower and 
upper bounds of an unknown probability measure is defined 
on © and compatible with the basic belief assignment m/(-) 
by the following definitions. 


Definition 1 (Real lower bound ) Let © be a frame of 
discernment and let m;(-) be the basic belief assignments 
associated to a given focal set X; € 2°. We define the real 
lower bound of the singleton focal element X € © (denoted 
Bel! (X)) as follows: 


Bel (X) = : X mj(X) (12) 
isl 


Definition 2 (Real upper bound) Let © be a frame of 
discernment and let m;(-) be the basic belief assignments 
associated to a given focal sets X; € 2°. We define the real 
upper bound of the singleton focal element X € © (denoted 
PIY (X)) as follows: 


PIX) == > mA) (13) 


XjNXADG 


The real lower bound definition corresponds to the aver- 
age of evidence for each hypothesis X. In other words, it 
represents the fusion using the arithmetic mean operator. 
However, the real upper bound measures the average mass 
of the total mass which can visit somewhere within X but 
may move outside as well (each mass of the ignorance con- 
taining X is added to the mass of the focal element {X}). 
Obviously, we have Bel! (X) < PIU (X) for all X € ©. 
Note that these real bounds are different from the belief and 
plausibility functions defined in the Dempster-Shafer theory 
(see Section 3). 

These two definitions represent the reconcilement inter- 
val of a combination rule of evidences with the frequentist 
approach of probability calculus. 

Let us reconsider our elderly people example. To show 
the inconsistency of some well-known rules with the prob- 
ability calculus, let us examine the activity selections in the 
reality. Hence, we compute the real interval (the real lower 
and upper bounds) of each activity selection when every 
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Table 2 The real lower and upper bounds 





Elderly people activity Lower bound Upper bound 
Falling 0.383 0.450 
Sleeping 0.3 0.3 
Exercising 0 0.250 
Watching TV 0 0.317 





sensor has finally selected only one activity at the same 
time. For this example, the real lower and upper bounds 
can be defined supposing the three sensors are gathered into 
a single sensor. Hence, applying equations 12 and 13, we 
have obtained the results reported in Table 2. In the first 
row, the real lower bound means that only the precise selec- 
tions of the falling situation (activity) are considered by 
the three sensors. However, the real upper bound of this 
activity assumes in addition to the precise selection that the 
accelerometer sensor had finally selected the falling situa- 
tion. Clearly from these real bounds, the final selection by 
the three sensors corresponds to that the elderly people must 
be an emergency since the real lower bound of the falling 
situation is greater than each real upper bound of the other 
activities. 

The results reported in Table 3 show the inconsistency 
of the evidence theory and its derivates to compute the 
lower and upper bounds compared to the results reported 
in Table 2. Clearly based on Dempster-Shafer rule, the 
lower and upper bounds specify that sleeping, watching 


Table 3 The lower and upper bounds according to the preceding rule 
classes 





Elderly people activity Rule [Bel(X); PI(X)] BetP(X) 
Falling Dempster’s [1; 1] 1 
Murphy’s [0.607; 0.609] 0.608 
PCR6 [0.3407; 0.365] 0.353 
Our rule [0.388; 0.455] 0.421 
Sleeping Dempster’s [0; 0] 0 
Murphy’s (0.181; 0.181] 0.181 
PCR6 (0.377; 0.377] 0.377 
Our rule [0.298; 0.298] 0.298 
Exercising Dempster’s [0; 0] 0 
Murphy’s [0; 0.104] 0.052 
PCR6 [0; 0.258] 0.129 
Our rule [0; 0.248] 0.124 
Watching TV Dempster’s [0; 0] 0 
Murphy’s (0.106; 0.212] 0.159 
PCR6 [0; 0.282] 0.141 
Our rule [0; 0.314] 0.157 
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TV and exercising activities ([0; 0]) could never have been 
selected according to the real probability of the selection 
which are given by the three sensors. The PCR6 rule selects 
the abnormal activity detection, sleeping with the pignis- 
tic probability equals to 0.377 which is outside the real 
lower and upper bounds interval ([0.3; 0.3]). This abnor- 
mal behavior of this rule is due to the absorption of the 
conflict by the focal element sleeping activity which has a 
bigger mass (m2(Sleeping) = 0.9) in the conflict redistri- 
bution step. Murphy’s rule favors the falling situation by the 
averaging technique of its masses and gives the lower and 
upper bounds of the falling situation equal to [0.607; 0.609]. 
This result is outside the real bounds ([0.383; 0.450]). How- 
ever, the result obtained by our rule are reasonable for 
this example since the belief, the plausibility, and the pig- 
nistic probability of each activity’s selection is inside the 
interval of the real bounds except for the sleeping activity 
which approximates the real probability (Bet P (Sleeping) = 
0.298). 


5 Simulation studies 


The foregoing sections have provided background on the 
proposed combination rule. Now, we return to evaluate our 
rule with simulation studies based on the elderly health- 
care scenario cases. The first part of this section describes 
our uncertain context information modeling in IoT-based 
healthcare systems. The second part describes experimental 
simulations according to elderly healthcare scenario cases. 


5.1 Uncertain context modeling 


IoT-based healthcare systems for elderly people need to 
represent many different types of uncertain context infor- 
mation, such as sensor information, spatial information, 
medical history, and activities profiles. As introduced in 
[44], the context can be divided into three layers or levels: 
sensors, abstracted context, and situation (or activity). The 
sensor layer refers to the physical layer where sensors or 
any other IoT devices are used to provide contextual infor- 
mation such as temperature, acceleration and motions, etc. 
In the second layer, raw data provided by the first layer are 
translated into more human understandable representation 
by using abstraction. For example, accelerometer reading 
are translated to sates of “in motion,” “falling,” or “immo- 
bile.” This human understandable representation of context 
will follow a formal representation in order to be used in 
pervasive systems such as the ontology model. This model 
is particularly interesting to provide an explicit commonly 
agreed upon representation of concepts in a hierarchal man- 
ner. The last layer is the high-level context abstraction 
defined by fusing multiple information contexts to infer 
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activity or situation. Then, this infrastructure can employ 
the IoT health care to enable communication between 
elderly individuals, caregivers, and doctors. In the next, we 
explain our uncertain context representation and reasoning 
mechanisms. 

Our ubiquitous computing framework proposed in [44] 
aims to build new applications to provide assistive services 
for people in autonomously simulation way. These frame- 
work must adapt their behaviors to provide services that 
match current user needs. The proposed approach presents 
a context-aware ubiquitous framework based on lightweight 
coupling between multi-agent system and the OSGi (Open 
Service Gateway initiative) framework [53]. Figure 2 illus- 
trates the architecture of our ubiquitous framework system. 
In the smart home healthcare scenario, various elderly body 


ee [al 


Call Call 
Send SMS Send emergency information 









Evidential 
Reasoning- 
Activity 

Agent 












Knowledge 
DB& 
Rulebase 


Multi-Agent 






Agent Bundle 
Heartrate 
Service 


Agent Bundle 
Motion 
Service 





Agent Bundle 
Light 
Service 


Heart rat i X 
Bunde | dL lI 






7 


Blood 
pressure 
Bundle 





Light 
Bundle 









Blood sensor (E 
Temp sensor 0 
Heart rate sensor 
Respiration sensor 


Motion 
sensor 


Fig. 2 Overview of the multi-agent-OSGI context-aware framework 
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and home environmental sensors are deployed to gather as 
much information about and around the elderly as possi- 
ble. The lower layer represents a set of context sensors and 
actuators which encapsulate the hardware devices of IoT- 
based healthcare technologies. The second layer is called 
the OSGi layer. The goal of this layer is to acquire con- 
text information from the ubiquitous environment and to 
control devices and equipments. The third layer represents 
the multi-agent layer. This layer aims to interpret, infer, 
and share uncertain contextual information data. Thus, we 
use the ontology markup language OWL for our ontology 
context-based representation to share information acquired 
from the environment or aggregated by the agents. In our 
ubiquitous framework, we have extended USARSim sim- 
ulator [4] as simulation infrastructure for the proposed 
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elderly’s IoT-based healthcare system. Some simulation 
images from simulated configurable sensors and environ- 
ments are showed in Fig. 3. 

In our ubiquitous framework system, the evidential rea- 
soning agent is capable of performing the following reason- 
ing tasks: (i) continuous information contextualization of 
the physical state of an elderly person (motion, localization, 
medical monitors,...), (ii) recognition of possibly activities 





Rule: 
IF 
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and risky situations (exercising, sleeping, fall detection....), 
and (iii) notification of emergency situations indicating a 
health risk by sending signal alarm to notify hospital staff 
(doctor, caregiver, ambulance driver,...). For example, when 
smart home monitor agent localized current elderly people 
localization and evidential agent infers fall detection situa- 
tion, it sends to the emergency agent the following request 
medical associated rule: 


(Elderly Has Fallen Down) AND (HeartRate is Very High) AND 
(Respiration Rate is Low) AND (Elderly Do Not Responded To Sign (phone call)) 


Then 


(Send Emergency Signal to Hospital) AND (Provide Elderly Inventory 


Information to an Available Caregiver) AND (Call Ambulance Driver) 





This request rule describes that if the elderly person has 
fallen down and after he/she has been notified but he/she 
has not responded yet, then the system send an emergency 
signal alert to the hospital and an available caregiver receive 
an elderly person inventory information and the ambulance 
driver is called too. 


5.2 Experimental simulation cases 
5.2.1 The Bayesian bbas selections 


The experimental simulations are designed and imple- 
mented based on a modified USARSim simulator [4] and 
extended multi-agent OSGi inference mechanism intro- 
duced in [44]. In this section, we are going to present 
the behavior of our rule to combine bodies of evidence in 
Shafer’s model using the Bayesian bbas. Suppose that the 
sensors mentioned in our simplest elderly monitoring for 
emergency detection where each sensor infers one preferred 
activity or situation as follow: 

Accelerometer sensor: Falling < Sleeping < Watching TV 


mı (Falling) = a, 
m (Watching TV) = 1 — a, — bı 


mı (Sleeping) = bı 


Smartphone: Sleeping < Watching TV < Falling 


m2(Falling) = a2 m2(Sleeping) = b2 
m2(Watching TV) = 1 — a — b2 

Heart monitor sensor: Watching TV < Falling < Sleeping 
m3(Falling) = a3 m3(Sleeping) = b3 


m3(Watching TV) = 1 — a3 — b3 
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Using these masses, one gets the following lower and 
upper bounds 


1 3 
Bel” (Falling) = PLY (Falling) = 5 3 ai 
L . ü , i= 
Bel” (Sleeping) = PL” (Sleeping) = 3 2 
Bel! (Watching TV) = PLY (Watching TV) 


3 
Yo = ai — bi) 
i=1 


wi = 


To illustrate the consistence of the combination rules, 
we have implemented a Monte-Carlo simulation where the 
masses were distributed randomly according to a uniform 
distribution. Thus, we have generated randomly 1000 sam- 
ples for the three sensor selections. Figure 4 illustrates the 
consistency results of our rule compared to the evidence 
theory and its derivates for the elderly fall detection. For 
a reason of clarity of the presented comparison results, 
we show only the results for 100 samples. The frequen- 
tist approach of probability calculus was initially used 
to calculate the lower and upper bounds with respect to 
activity selections used here. We report the relative com- 
parison of the selection result for our rule and the evidence 
theory and its derivates (Murphy’s and PCR6 rules) based 
on the maximum pignistic of probabilities criterion. It is 
clear from this figure that, in the Bayesian case, our rule 
has a high approximation of the real probabilities where 
the majority of the pignistic probability values are near 
the real probability values computed from the frequentist 
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Fig.3 Some simulated 


activities 


1 Unreal Tournament 2004 


approach of probability calculus. However, the PCR6 gives 
a good result compared to Murphy’s and Dempster-Shafer’s 
rules. Note that if the majority rule yields the same com- 
bined masses, Murphy’s rule fails to distinguish between the 
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bodies of evidence combination. It can be seen in this figure 
that our rule has a good consistency which implies that the 
reconcilement of our rule and the frequentist approach of 
probability is almost perfect. 
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Fig. 4 The consistency for Bayesian selections of elderly fall detection: MCR, PCR6, Dempster’s, and Murphy’s rules 
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5.2.2 Non-Bayesian bbas selections non-Bayesian activity inferences for the lower and upper 
bounds computation. Thus, we obtain 

Now, assume that the three Sensors provide imprecise bodies Bell (Falling) = Bel L (Sleeping)=Bel L (Watching TV)=0 

of evidence with the following preferences: 


3 
: 1 
Accelerometer sensor PLY (Falling) = : 5 ai+bi) 


i=1 


m ,({Falling, Sleeping}) = a; Í 3 
mı ({Falling, Watching TV} = bı PLY (Sleeping) = > Ya —bi) 
mı ({Sleeping, Watching TV}) = 1 — a; — bı i=1 
3 
1 
U : _ : 
Smartphone PL” (Watching TV) = 3 yd — dj) 
i=] 


We remark that the results obtained from the pignis- 
tic probability values of elderly fall detection in all rules 
are compatible. This is due to the inclusion of the pignis- 


m2({Falling, Sleeping}) = a2 
m2({Falling, Watching TV} = b2 


m2({Sleeping, Watching TV}) = 1 — a — b2 tic probability value by the corresponding lower and upper 
bounds for each sample (see Fig. 5). So that, the consistency 
Heart rate monitor sensor measure of “fall detection” is higher in this case. 
m3({Falling, Sleeping}) = a3 5.2.3 The hybrid bbas selections 


m3({Falling, Watching TV}) = b3 


eC Slane Watcha TVS boa Os Finally, assume that the three sensors have precise and 


imprecise selections with the following masses: 


: ; : ; : Accelerometer sensor 
Assuming that for these imprecise bodies of evidence, 


the three sensors have finally selected one activity with mj (Falling) = a 
the combined masses at the same time. This yields the m,({Falling, Sleeping, Watching TV} = 1 — a 
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Fig. 5 The consistency for non-Bayesian selections of elderly fall detection: MCR, PCR6, Dempster’s, and Murphy’s rules 
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Fig. 6 The consistency for hybrid bbas selections of elderly fall detection: 


Smartphone 
m2({Falling, Watching TV}) = b m2(Sleeping) = 1 — b 
Heart monitor sensor 

m3({Watching TV} = c 

m3({Sleeping, Watching TV}) = 1 —c 


As illustrated in Fig. 6 for these three hybrid pieces of 
evidence, our rule gives also the consistent result where the 
total pignistic probability values for elderly fall detection 
are included in the corresponding lower and upper bounds. 
The reason for this success is that the MCR rule merges the 
majority and the conjunctive rules. The effect of this latter 
can be observed from the Bayesian case of Fig. 4, where the 
pignistic probabilities calculated from the evidence theory 
and its derivates give a low consistency measure. Therefore, 
it can be concluded that the majority criterion merged with 
the consensus one gives a highest consistency for our com- 
bination rule with the frequentist approach of probability 
calculus compared to the evidence theory and its derivates. 


6 Conclusion 


The IoT has a variety of application domains, includ- 
ing elderly healthcare applications. In order to reach the 
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reconcilement of evidence theory with the frequentist 
appoach of probability calculus for activity recognition in 
this domain, we have proposed in this work a new frame- 
work for combining evidences. The key point of our belief- 
based fusion approach is twofold. First, we have proposed 
an alternative combination rule which merges the majority 
and the conjunctive rules. Second, we have introduced a new 
notion of the consistency measure of combination rule as 
an evaluation criterion of this reconcilement. The proposed 
rule has interesting properties compared to the evidence the- 
ory and its derivates when our rule produces intuitive results 
in several situations. We note that the present results per- 
tain in the highly conflicting situation or not. Moreover, 
the simulation results which have been carried out in order 
to evaluate the effectiveness of the proposed merging rules 
indicate that, first of all, the merging strategies that take 
into account the majority rule and the conjunctive ones are 
more effective than the rule that uses only the conjunctive 
consensus. Furthermore, the simulation studies show that 
the majority criterion merged with the consensus ones gives 
almost a perfect reconcilement in accordance with proba- 
bility calculus while other rules are far from being close 
in Bayesian and hybrid cases. For future work, we plan to 
implement our simulation system for an elderly healthcare 
monitoring system in real applications in respect with the 
security aspect. 
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